In this study, we present a classification algorithm for terahertz time-domain spectroscopy systems (THz-TDS) that can be trained to identify most commonly used explosives (C4, HMX, RDX, PETN, TNT, composition-B and blackpowder) and some non-explosive samples (lactose, sucrose, PABA). Our procedure can be used in any THz-TDS system that detects either transmission or reflection spectra at room conditions. After preprocessing the signal in low THz regime (0.1 − 3 THz), our algorithm takes advantages of a latent space transformation based on principle component analysis in order to classify explosives with low false alarm rate.
INTRODUCTION
Terahertz technology has advanced over last decades to be able to extensively study various kind of materials and examine the optical properties of many dielectrics. 1, 2 By exploiting their unique and distinct molecular vibration patterns in low terahertz regime, several exploits are previously foreseen as detectable and identifiable. [3] [4] [5] On the other hand, despite advanced antenna technologies, acquired spectrum signatures are subject to experimental noise and ambient incoherence such as humidity, thermal fluctuations and sample conditions. Considering diversity and variance of each samples spectral signatures, it is unrealistic to study individual properties of acquired spectrum. Hence, it is required to classify signatures based on their common transmission and reflection characteristics. This paper introduces a unsupervised classification algorithm that combines time and frequency domain preprocessing of raw signal, principle component analysis for latent space transformation and dimensionality reduction and Gaussian Mixture Model to make classification on the latent space.
Various explosive (C4, HMX, RDX, PETN, Composition B, TNT and blackpowder) and non-explosive (Lactose and Sucrose) samples are all trained and tested with the same procedure. Each material shown in Figure 1 has 3 samples of 3,5 and 10 mm thickness that are consisting of 5% wt PE. 
TERAHERTZ-TIME DOMAIN SPECTROSCOPY SYSTEM

System Description
Terahertz Time Domain Spectroscopy (THz-TDS) system uses a 780 nm wavelength, ultrafast, frequency-doubled fiber laser, that has sub-100 fs pulses with 80 MHz repetition rate and ≤ 140 mW average power. Output of laser is fed to emitter photoconductive antenna (PC Antennas) through a retro-reflector mounted on a 100 mm linear delay stage for scanning 2. PC antennas, which are used both in THz emitter (E1,2) and detector units (D1,2), are fabricated on low temperature grown GaAs (LT-GaAs) epitaxial layer on GaAs, which has ≤ 1 ps recombination lifetime. They have 20 m long dipoles and stripline geometry. Emitter antenna was biased at 0 V −25 V, with a modulation frequency of 27.73 KHz (which is supplied from lock-in amplifier as TTL signal) and a 10 mW incident average power is applied to both emitter and detector antennas during the experiments. Detector current output is amplified by a Lock-In Amplifier with a time constant of 30 ms and digitized using an ADC. THz region in the set-up consists of adjustable hyper-hemispherical high-resistive float-zone silicon lenses, which are mounted on the back of ∼400 m thick GaAs substrates and 4x2 off-axis parabolic mirrors. Total length of THz path is about 40 cm, and this region is filled with dry air. The terahertz time domain signals were taken for 100 ps with ∼33 fs steps then processed for analysis. The set-up also includes an auxiliary path for reflection measurement. 
COMMON EXPLOSIVE IDENTIFICATION ALGORITHM
Preprocessing
The raw data from detector usually includes an echo of the THz pulse due to possible internal reflections occurring in the sample. This secondary harmonic peak when occurred show similarity to main peak with a conspicuously lower amplitude. Although there have been several proposed filtering methods for echo removal, 6 those methods are prone to mistakenly filter our sample information particularly when the absence of an echo. In order to confirm the existence of an echo, we first removed DC offset of the raw signal and then searched for an basic empirical model of main peak in the time domain signal to filter out if similarities are above a threshold. Second, we applied Fast Fourier Transform (FFT) and eliminated water absorption peaks due to typical humidity conditions. 7 We concentrated on the set of frequencies that are published by HITRAN 2012 database. 8 We also observed that these absorption peaks are well aligned with the absorption peaks observed in our THz-TDS system (Figure 3 ). Frequency Calibration Figure 3 . MATLAB GUI compares humidity peaks that are observed by the system and HITRAN database records for matching corresponding absorption frequencies.
In order to eliminate present system and environment fluctuations, we applied noise-floor measurement and calculated absorption signal with I abs = −2log
We applied a further asymptotic Blackman-Harris window to resolve the FFT spectral components of system electronics. Finally, the dynamic range of signal is cropped between 0.2-3 THz (Figure 4 ) where our detection SNR is at the highest. Figure 4 . The effect of preprocessing on raw data is shown using both time and frequency domain representations.
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Latent Space Construction
Each common explosives in our experiment has a different spectral signatures due to unique vibrational modes of their intramolecular bonds. 2 Additionally, every spectral measurement of given sample varies due to experimental and environmental effects. Observations are correlated, yet different. Therefore instead of studying the high dimensional spectral data itself, it is convenient to use a latent model that captures lower dimensional 'essence' of the data.
Principle component analysis (PCA) is one of the many latent linear models. It reduces the higher dimensional data to small number of degree of variability corresponding to latent factors. Hence, it emphasises variation and brings out strong patterns in a dataset. Our dataset is constructed such that each common explosives' spectral signatures are represented with 30 preprocessed measurements (see Figure 5 ). Figure 5 . This is a 3D representation of our training set. Training set includes 210 preprocessed spectral information of 7 different explosive compounds.
Principle component coefficients and scores are calculated via applying PCA. Each principle component captures some amount of variation in the database and they are shown in descending order of importance in Figure 6 . Those principle components have no physical meaning by their own but they are orthogonal set of uncorrelated linear base vectors of our latent space. Calculated scores can be inferred as a point coordinate in the latent space representing a single spectral measurement. Considering that PCA emphasizes the sources of variances in a given dataset, scores belong to one explosive are expected to position together in the latent PC space. The goal of principle component analysis is to explain the maximum amount of variance with the fewest number of principal components in order to reduce dimensionality. The optimum number of principle components can be selected by looking at explained variance of individual components. In our dataset, we used 5 principle components that explains 99, 1% of total variance in dataset (see Figure 7) . To model latent variables (represented explosive signatures in PC space), we used a simple form of Gaussian Mixture Model (GMM), out of various unsupervised classification algorithms. 9 The advantage of GMM is that no initial parameters are needed. In this model, each labeled distribution in the mixture is a multivariate Gaussian with mean µ k and covariance matrix Σ k . Thus the model is expressed as:
where π k is a weight that associates with our confidence, determined by the number of training samples for each of K explosives, satisfying 0 ≤ π k ≤ 1 and
The maximum likelihood estimation of Gaussian mixture model, p(x i |θ) = p(x i |µ k , Σ k ) are calculated by expectation maximization (EM) algorithm. The classification of latent variables in two-dimensional PC space can be seen in Figure 8 . 
Identification
Each raw spectrum data is preprocessed and transferred into PC space as a point by x i = L k=1 Z k e k , where Z k represents the preprocessed spectrum data and e k 's are previously calculated L principle components. After locating a spectrum data in PC space, we computed p(z i = k|x i , θ), for z i ∈ {1, ..., K}, posterior probability of particular point i belonging to cluster k using Bayes Rule as follows:
where p(z i = k|θ) is defined as the probability of distance between new latent variable x i and mean of cluster k being less than two standard deviation. This is calculated using Mahalanobis distance D m as Equation (3):
RESULTS
We presented an unsupervised algorithm for classification and identification of common explosives that can be used with any THz-TDS system that detects either absorption or reflection of chemical compounds. Our algorithm is designed over the fact that measured spectrum data of a single explosive are correlated because they arise from hidden unique vibrational modes of their intramolecular bond. By applying PCA as a linear latent model after preprocessing the raw spectral data, we successfully demonstrated that different explosives are separated in high-dimensional latent space. It is observed that using 5 principle components that captures 99.1% of explained variance, maximizes the seperation between Gaussian distributions which can be verified with measuring KL divergences. Our extensive experiments on 7 common explosives and 2 non-explosive samples with different thicknesses, confirmed method's validity and usefulness. Furthermore, the proposed trainable algorithm is a generic method that can be applied to any spectral data and we anticipate future research on more diverse task such as drug identification.
